Abstract. The 
Introduction
The ongoing Information Technology revolution is having a strong impact on structural engineering practice, particularly in the area of the development of complex computer design support tools. Gradually, a new generation of such tools is emerging that utilise various computing paradigms for design purposes. In this paper, the initial research results are reported for a project at George Mason University on the use of evolutionary computation in structural design. The ultimate research objective of the Correspondence and offprint requests to: Professor T. Arciszewski, School of IT and Engineering, George Mason University, Fairfax, VA 22030, USA. E-mail: tarciszeȰgmu.edu project is to develop a methodological foundation for using evolutionary computation in both conceptual and detailed structural design. The pragmatic objective is to develop a class of integrated design tools for structural design that utilises the various forms of the evolutionary computation. In the project, a novel concept of structural design is proposed in which the design process is performed by a single design tool, which is capable of conducting both conceptual and detailed design.
A design concept is understood here as an abstract and qualitative description of a future engineering system, which is usually provided in the form of a combination of symbolic attributes and their values. A design concept is obviously a part of an engineering design. Its remaining part is a detailed design, i.e. a quantitative description of a future engineering system in terms of numerical attributes and their values.
Evolutionary Computation
Evolutionary computation involves the use of Evolutionary Algorithms (EAs) to solve difficult problems in science and engineering. Historically, a number of distinct EAs have been developed including Evolution Strategies [1, 2] , Evolutionary Programming [3] and Genetic Algorithms [4] .
Broadly speaking, EAs are adaptive search techniques that are quite useful for exploring large, complex search spaces without a priori assumptions about continuity, convexity, etc. EAs typically maintain a constant-sized population of individuals that represent samples of the space to be searched. Each individual is evaluated based on its overall fitness with respect to the given application domain. New individuals are constructed by selecting high performing individuals to produce 'offspring' that pre-serve many of the features of their 'parents'. The result is an evolving population that has improved fitness with respect to the given goal.
Two main genetic operators, crossover and mutation, are used to produce new individuals (offspring) for the next generation. 'Traditional crossover' operates by randomly selecting a crossover point in the two selected parents' gene structures, and uses the initial segment from parent one and the final segment from parent two to create a new offspring. However, the user can control the crossover rate and change/adjust it as the evolutionary computation process progresses.
The mutation operator maintains variation in the population by simply replacing the selected gene value with another one. Mutation operates by randomly changing one or more components of a selected individual. It acts as a population perturbation operator, and is a means for inserting new genetic information into the population. This operator prohibits any stagnation that might occur during the search process. In the case of a 'traditional mutation', a fixed mutation rate is used throughout the entire evolutionary computation process. However, sometimes its rate is randomly determined whenever mutation is conducted. The difference between both mutation types is explored in the Section 5 of this paper.
The two main issues in applying EAs to any problem are: (1) selecting an appropriate representation, and (2) providing an adequate evaluation function for estimating the 'fitness' of generated individuals (points in the search space). Both of these issues are discussed in more detail in the following paragraphs.
The simplest and most straightforward representation is to regard each gene as representing an important dimension of the space to be searched. Each such dimension can represent an appropriate set of values and important feature can take on. These values can be discrete (e.g. colours) or continuous (e.g. height). The simplest of these representations involve binary genes representing the presence or absence of a feature. In this case, each individual consists of fixed-length binary string of genes, or a genotype, representing some subset of a given set of features. By manipulating these binary strings, the crossover and mutation operators allow for the testing and evaluation of a large number of different combinations of features. Often, in complex engineering applications, multi-valued attributes are more natural to use, as it was in the project reported in this paper (see Section 5.1).
Choosing an appropriate fitness evaluation function is a fundamental step for successful application of EAs to any problem domain. Evaluation functions provide EAs with feedback about the fitness of each individual in the population. EAs then use this feedback to bias the search process to provide an improvement in the population's average fitness. The details of a particular fitness function are, of course, problem specific. In the case of searching design spaces, for example, some method of quantitatively evaluating evolving designs is required. Although humans are the ultimate evaluators of new designs, significant exploration of design spaces can be automated by using computer-aided design systems. Such systems produce detailed designs, including numerical values of many attributes describing structures, which can be subsequently used for the formal evaluation of designs. In the research described in this paper only a single evaluation criterion was used as the fitness function, i.e. the total weight of the structural system. However, our system provides values for 25 attributes, which could be used as evaluation criteria in a complex evaluation model providing values of the fitness function. Therefore, the initial fitness function represents only the first step in our exploration of evolutionary computation in structural design.
Since there is no single form of an EA that is appropriate for all problems, we have implemented a fairly general parameterised EA that allows the user some flexibility in fine tuning an EA for a particular application. Table 1 summarises these parameters. Briefly, the number of parents controls the amount of parallelism in the search process. Optimizing rugged fitness landscapes requires more parallelism than simpler landscapes. The number of children controls the time delay in how quickly new information is used to bias future search. Overlapping generations means that parents compete with children for survival. This is a more competitive environment which generally converges faster, but is more likely to converge to a local optimum than non-overlapping generations in which all parents die after producing children and children compete with each other for survival.
Evolutionary Computation in Structural Design
Research on evolutionary computation in engineering has a relatively long history, which was initiated in Europe in the early seventies by Rechenberg [1] . The state of the art review is provided in Bentley and Wakefield [5] , Gen and Cheng [6] , Bentley [7] and in Cretkovic and Parmee [8] .
In the USA, Goldberg [9, 10] was first to use GAs in the optimisation area to optimise complex gas pipelines systems. In the area of structural engineering, Hajela and Lamb [11] were the first to work on the numerical optimisation of structural systems [12] [13] [14] [15] [16] [17] . Also, Grierson and Pack [18] and Koumousis and Georgiou [19] conducted research in this area, including research on the topological optimisation of structural systems. Arciszewski and Ziarko [20] worked on the applications of a genetic algorithm-based learning system, BEAGLE, developed by Forsyth [21] , in the area of structural design knowledge acquisition.
Genetic algorithms are particularly effective in the area of multi-criteria optimisation, and various projects in this area have been reported [22] [23] [24] [25] [26] .
Maher and Poon [27] [28] [29] [30] [31] have been working on a co-evolutionary design in which two interrelated evolutionary processes occur. The first one is the evolution of design solutions, while the second is the evolution of requirements. In this case, the fitness function evolves with the requirements, and it is different (local) at various stages of the coevolutionary design. Also, the fitness function is used to identify the surviving solutions, but its convergence simply means that there is no progress in the evolution, since no new and better solutions are being produced.
Graf and Banzhaf [32] worked on interactive evolution in the context of the visualisation of design concepts. In this case, a program based on the evolutionary computation, which controls the evolving parametric geometric models and bitmap images, produces 2-D and 3-D images of design concepts. A human expert evaluates the images and determines their fitness using his/her subjective and non-quantifiable criteria, such as visual preferences or personal taste.
Gero and Schnier [33] worked on evolution of design knowledge representation, using genetic algorithms, in the context of case-based design. Such evolution is often necessary to produce inventive designs, and was also the subject of research at George Mason University (which was focused, however, on the constructive induction [34] ).
New Integrated Design Paradigm
The progress in the area of evolutionary computation is expected to have an impact on the design research and practice. In particular, the evolutionary computation process may become a fundamental engineering design process, and subsequently may be utilised in various design support tools. Its true potential in the context of a holistic approach to engineering design is still unknown, and the research reported in this paper is intended to investigate this issue. A holistic approach is understood here as that incorporating all aspects of developing a structural design, including qualitative (conceptual) and quantitative (numerical) aspects. In this context, it is assumed that the structural design process is initiated when a need for a structural design, based on a design concept, occurs. Then, this need is analysed in the context of the state-of-the-art in a given area. The result of such an analysis is a formulated design problem, which contains the design requirements, constraints, as well as the available background knowledge. The next step is to formulate a design representation space for a given design problem. This space is understood here as a collection of qualitative (symbolic) and quantitative (numerical) attributes and their values. The symbolic part of the design representation space is used to generate one, or more, design concepts. These concepts are evaluated then, and eventually used to produce a detailed design utilising the quantitative (numerical) part of the design representation space.
Usually, the design process is conducted sequentially, and both its stages (conceptual and detailed design) are completed independently, often by differ-ent designers. First, the design concept is generated; next it is evaluated by a human designer, who decides about its feasibility and if it should be used for the detailed design; finally, the selected design concept is used to produce the final design.
When evolutionary computation is used to produce structural designs, a novel integrated design process can be developed, in which the conceptual and detailed design processes are integrated from the user's point of view. In this case, a human designer is eliminated from the loop, and the evaluation and selection of design concepts is automated. Thus, the human designer receives complete designs, which contain concepts and the detailed designs with all numerical information about a future engineering system. The evaluation of such final design concepts becomes much easier, because the quantitative design features can be formally assessed. Also, using such an integrated design process allows the designer to identify a line of designs, which reveals the entire evolution process. A line of designs is understood here as a sequence of the best design concepts, in terms of the total weight, which are produced during the subsequent concept generations in the evolutionary computation process. Such a result is quite important for many reasons: cognitive reasons, acquiring design knowledge, building design history, etc. Also, a line of designs can be considered from the perspective of the Directed Evolution [35] and used to produce other design concepts. In this context, the computer-generated design concepts could become emergent concepts [34] . This is a fascinating possibility, which has not been investigated yet.
Inventor 2000
To investigate the evolutionary computation process in the context of structural design, an experimental design and research tool has been developed by the authors at GMU, called Inventor 2000. It is intended for design experiments in the area of wind bracings in steel skeleton structures of tall buildings, allowing a complete design for buildings of various dimensions and height, within ranging them 16-36 stories. Inventor 2000 produces both the design concepts and the detailed designs. It has seven major components, listed below in the order of the information flow: 
Initial Design Experiments

General Outline
Four experiments were conducted to investigate the impact of the nature of evolutionary operators, and of various types of population dynamics control on the progress of the evolutionary computational process in structural design. Each experiment involved running two evolutionary computational processes, which were entirely comparable. In the first pair of experiments (Sections 6.2 and 6.3), evolutionary computation processes were compared with fixed and variable mutation and crossover rates, respectively. In the next pair of experiments, various types of population dynamics control were considered. In the third experiment (Section 6.4), the impact of the size of the initial parent class on the final result was analysed, while in the last one (Section 6.5), non-overlapping versus overlapping population controls were compared. All experiments have been performed for a medium-length evolutionary computation time period, including one hundred generations.
The experiments have been conducted in the area of wind bracings in steel skeleton structures of tall buildings. This area has been the subject of the intensive research effort in many countries for the last 30, or more, years. It has been initiated and stimulated by the Council on Tall Buildings and Urban Habitat [36] . In particular, the research reported can be directly related to the earlier Arciszewski's work on the conceptual design of wind bracings. For example, in Arciszewski [37] , a formal taxonomy of wind bracings in the context of the decision making parameters has been proposed and used for the generation of new design concepts using a heuristic method. In Arciszewski and Ziarko [20] , the concept of a learning expert system for wind bracings design was discussed and used in experiments oriented toward the generation of novel design concepts. In another project, conducted with Richard Michalski at George Mason University, automated knowledge acquisition for wind bracings design was considered [34] , based on both the selective and constructive induction. This paper reports research that is a continuation of the earlier work of Arciszewski and De Jong [38] .
In all of the experiments, the total weight was used as the criterion to optimise the structural systems considered. That has been accomplished using a software system SODA for the analysis, design and optimisation of steel structural systems. The optimisation method used in SODA is described in Grierson and Cameron [39] . A modified version of SODA 3.5.1 has been prepared for the experiments, and incorporated in Inventor 2000.
The total weight as a single optimality criterion in the fitness function has been selected for several reasons. First, at this stage of research we did not plan to investigate the impact of the nature of the fitness function on the evolutionary computation process in structural design. Next, the total weight is a traditional optimisation criterion in structural design, and it is a good approximation of the total cost, which is closely related to the total weight of a steel structural system. Finally, a multi-criteria evaluation model is now being developed, and most likely it will be incorporated in the next version of Inventor 2000.
All of the experiments were conducted for a planar transverse steel structural system of a threebay, 26-storey tall building. It was assumed that: (1) all bays are 20 feet wide; (2) all stories are 14 feet tall; and (3) the transverse systems are 20 feet apart. In the structural analysis, dead, live and wind loads, as well as their combinations, were considered. Also, the P -⌬ analysis has been incorporated. Wind loads were produced using a modified version of Wind Load V2.2.S program. The structural systems were designed using several groups of sections for beams, columns and diagonals, respectively, i.e. 61 groups of sections for each structural system.
In the experiments, all structural design concepts for a 26-storey building were described using 160 attributes. There are 78 multi-value nominal attributes, with seven values identifying the type of connections for the individual 'cells' of the wind bracing (areas within the wind bracing plane defined by the adjacent beam and columns). An example of such attribute is provided in Fig. 2 . 78 attributes have three values, and they describe the connections between the columns and beams (rigid, hinged, no connection). The remaining four attributes have two values (rigid, hinged), and they describe connections between columns and the foundation.
Four design experiments have been conducted using Inventor 2000. In the experiments, parents from a predefined class of nine wind bracing concepts were used. The parents are shown in Fig. 3 . The first three parents are rigid frames, the next three are concepts of wind bracings in the form of trusses, and the last three parents are in the form of braced rigid frames. All parents are considered as being reasonable wind bracing structural design concepts for the design case considered (26-storey, three-bay structure). In all but one of the experiments, a single population with nine parents was used, and one hundred generations of children were produced, assuming that each parent produces five children. In experiment 3.1, one parent (Parent 2 in Fig. 3) was used, as shown in Table 2 .
A summary of the experiments conducted is provided in Table 2 .
Experiment 1: Fixed versus Variable Mutation Rate
The objective of this experiment was to investigate the impact of the mutation rate on the evolution of structural design concepts in the case of a mediumlength evolutionary computation process. Two such processes have been conducted, and in both cases only the mutation was used as an evolutionary mechanism. In the first case, the mutation rate was fixed and assumed as 50% for the entire process. In the second case, the mutation rate was randomly determined whenever mutation was conducted. Additional details of these two processes are provided in Table 2 , rows 1.1. and 1.2.
The comparison of the relationships total weight versus the generation number is provided in Fig. 4 . In this case, the total weight variable represents the total weight of the structural system based on the best design concept for a given generation. The comparison reveals a different nature of evolution in both cases. When the mutation rate is constant (50%), the progress of evolution is faster in its early stages (the first 30-40 generations), but later the system is unable to improve the structural design. In the case of evolution when the mutation rate is Evolutionary Computation in Structural Design variable, the system improves the structural design slower than in the case of the constant mutation rate, but improvement continues throughout about 60 generations, and the ultimate result is marginally better than in the other case.
Both final design concepts for the evolutionary computation processes compared are shown in Fig.  5 . They are both similar to the best initial parent (Design concept No. 9 in Fig. 3) , and represent the total weight reduction about 0.13% with respect to the best initial parent. Unfortunately, these design concepts are asymmetrical with an irregular placement of diagonals. Therefore, although they are feasible, most likely they would not be used for the actual design purposes.
Experiment 2: Fixed versus Variable Crossover Rate
This experiment investigated the impact of crossover rate on the evolution of structural design concepts in the case of a medium-length evolutionary computation process. A comparison of two evolutionary case; however, this small difference should not be considered significant.
The final design concepts for both evolutionary computation processes are shown in Fig. 7 . They are similar to the best initial parent, and are approximately 3% better than it in terms of their total weight.
Experiment 3. Single Parent versus a Class of Parents
The objective of this experiment was to study the impact of the number of initial parents on the results of the evolutionary process. Two cases were compared: a single parent (Parent no. 2 in Fig. 3) ; and a class of nine parents (see Fig. 3 ). In both cases, only mutation was used with a variable rate.
The experiment conducted has clearly demonstrated that increasing the size of the initial parent population has a positive impact on the evolutionary computation process itself, and on the nature of the final results. When two relationships total weight versus number of generations are compared (see Fig. 8 ), several observations can be made. First, the process of evolution is much faster for the case with nine initial parents. Secondly, after 100 generations the best design for this case was much better (7.83%) in terms of the total weight than for the other case. Finally, the multi-parent evolution produces a regular design concept ( Fig. 9(a) ), while a single parent evolution produces a highly irregular design concept (Fig. 9(b) ). Such a concept would be extremely difficult to accept by a human designer. 
Experiment 4. Non-overlapping versus Overlapping Population Control
In this experiment, two major types of population control were compared. In a multi-stage evolution process, at each stage a child, or a class of children, is selected to be used as parents in the subsequent evolution stage. They are selected considering values of their fitness function. Two major types of such selection can be distinguished. The first, called 'nonoverlapping population control', identifies the case when only children produced at a given evolution stage are compared, and the best ones are used as parents for the next stage. In the second case, called 'overlapping population control', parents compete with their children to produce a new class of parents to be used in the next generation.
The comparison of the two relationships total weight versus number of generations are shown in Fig. 10 . For the non-overlapping population control only the first 57 stages are shown, but they were sufficient to reveal the nature of the relationship considered.
There is a significant difference in the nature of the evolutionary process between the two types of population control considered. In the case of the non-overlapping population control, the behaviour of the evolutionary computation system may be compared to a human without a memory who always forgets previous results, and in each stage starts nearly from the beginning. There is no question that in structural design applications, the overlapping population control is better, since in this case the evolutionary computation process gradually produces better structural designs.
Conclusions
In this paper, only the preliminary results of a longterm project have been reported. However, they have clearly demonstrated the feasibility of using evolutionary computation in the integrated structural design, in which are combined the conceptual and detailed design processes. Also, the research reported illustrated the concept of integrating an evolutionary computation system with various detailed design systems, i.e. in our case with a system for the analysis of wind forces, and with a system for the analysis, design and optimisation of steel structures.
The four experiments conducted provided an initial insight into the nature of evolutionary computation in the area of structural design. Also, they have answered major questions regarding the impact of the mutation and crossover rates on the final results of the evolutionary computation-based structural design, as well as some questions regarding the impact of the population control dynamics on the final results.
The research conducted will be continued. First, the experiments reported in our paper will be repeated for evolutionary computation processes with a relatively large number of generations (e.g. 1000). Next, we are planning to explore various novel forms of population dynamics control, including co-evolution and multi-population evolution. Finally, we intend to consider the issue of fitness function in the context of multi-criteria utility-based evaluation, and of novelty levels.
